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INTRODUCTION {#lio2174-sec-0006}
============

The identification and preservation of peripheral nerves is essential during head and neck surgery as well as other surgery. Accidental transection or injury can cause severe morbidity including pain, numbness, weakness or paralysis. The incidence of damage to peripheral nerve branches varies. Nerve damage (including temporary neuropraxia) may be up to 50% for peripheral branches of the facial nerve during parotid surgery.[1](#lio2174-bib-0001){ref-type="ref"} Conventionally, nerves are identified based on their anatomical position and visual appearance. In addition, electromyography (EMG) combined with local stimulation may be used to identify nerve tissue. This technique, however, requires an intact nerve pathway and functioning muscle. Furthermore, EMG identifies only motor pathways, not sensory fibers such as the first two divisions of the trigeminal nerve or the cochleovestibular nerve.[2](#lio2174-bib-0002){ref-type="ref"} In addition, neuromuscular transmissions, and therefore muscle activity, may be hampered by nerve compression, tumor invasion, trauma, or medication. A systematical review indicates a successful localization of peripheral nerves using nerve stimulation in 80% (failure in 20%) of the cases. The review includes 32 RTCs concerning ultrasound and peripheral nerve stimulation guidance for nerve blocks in both upper and lower limbs.[3](#lio2174-bib-0003){ref-type="ref"}

In the present paper we describe the use of diffuse reflectance spectroscopy (DRS) combined with fluorescence spectroscopy (FS) for the identification of small peripheral nerves. This optical technique was earlier used to identify various malignancies in breast,[4](#lio2174-bib-0004){ref-type="ref"}, [5](#lio2174-bib-0005){ref-type="ref"}, [6](#lio2174-bib-0006){ref-type="ref"} liver,[7](#lio2174-bib-0007){ref-type="ref"}, [8](#lio2174-bib-0008){ref-type="ref"} colon,[9](#lio2174-bib-0009){ref-type="ref"}, [10](#lio2174-bib-0010){ref-type="ref"} cervix,[11](#lio2174-bib-0011){ref-type="ref"} and lung.[12](#lio2174-bib-0012){ref-type="ref"}, [13](#lio2174-bib-0013){ref-type="ref"} In DRS, the tissue is illuminated with broadband white light. Within the tissue the light will be partly absorbed and will undergo scattering, depending on the specific tissue properties of the tissue. These interactions result in a tissue‐specific "optical fingerprint" as measured by diffuse reflectance spectroscopy. Additionally, DRS measurements may be accompanied by fluorescence spectroscopy which is able to detect specific intrinsic fluorophores within the tissue such as collagen and elastin as well as tissue metabolism by parameters such as NADH and FAD.

Several studies have demonstrated the potential of optical spectroscopy for identification of peripheral nerves. These studies, however, are often targeting large nerves, as relevant for regional anesthesia.[14](#lio2174-bib-0014){ref-type="ref"}, [15](#lio2174-bib-0015){ref-type="ref"}, [16](#lio2174-bib-0016){ref-type="ref"}, [17](#lio2174-bib-0017){ref-type="ref"} Results obtained in swine and humans showed an excellent differentiation (area under the ROC curve, receiver operating characteristic curve, of 0.98) between muscle, fascia, and the targeted region for regional anesthesia. In another study by Schols et al., DRS was used to differentiate between nerve and adipose tissue, showing an accuracy between 67% and 100% depending on the validation method and sensor type.[16](#lio2174-bib-0016){ref-type="ref"} Comparable results were described by Hendriks et al., who was able to identify nerve tissue using DRS with a sensitivity and specificity of around 90% in a post‐mortem study in humans.[17](#lio2174-bib-0017){ref-type="ref"}

The aim of the current in vivo study is to evaluate whether a combination of diffuse reflectance spectroscopy and fluorescence spectroscopy is able to identify small nerve branches during operative procedures in head and neck surgery. To this end we compared both the measured spectra as well as the derived optical properties from these spectra to differentiate between nerve tissue, subcutaneous fat, skeletal muscle, and nerve‐surrounding adipose tissue during head and neck surgery.

The novelty of this study lies in the combination of in vivo human measurements under surgical conditions, the usage of clinical comprehensive parameters for both DRS and FS, and the inclusion of different types of surrounding tissues for the identification of small peripheral nerves.

MATERIALS AND METHODS {#lio2174-sec-0007}
=====================

This study was performed at The Netherlands Cancer Institute--Antoni van Leeuwenhoek under approval of the protocol and ethics review board (NL40893.031.12). Written informed consent was obtained from all subjects. Patients undergoing total parotidectomy, mandibulectomy and partial glossectomy combined with block dissection of cervical lymph nodes and cervical lymph node dissection alone were randomly selected. The surgeries were performed using standard surgical instruments (sharp dissection by scalpel, blunt dissection by scissors/forceps, and coagulation by electrocoagulation). In all patients, the indication for surgery was a malignant tumor in the head and neck region.

Instrumentation {#lio2174-sec-0008}
---------------

DRS and FS spectra were acquired using a spectroscopy system, described earlier.[6](#lio2174-bib-0006){ref-type="ref"} For this study, a measurement probe containing four optical fibers with 200 µm core diameter (Invivo Germany, Schwerin, Germany) was used that delivered broad spectrum light from a tungsten‐halogen source (AvaLight HAL‐S‐IND 20W, Avantes, Apeldoorn, the Netherlands) to the tissue. Two spectrometers (DU420A‐BRDD and DU492A‐1.7, Andor Technology, Belfast, Northern Ireland) covering the visible‐ and near‐infrared range measured the diffusely reflected light from 400 to 1600 nm. Both sensors are cooled to ‐40 degrees Celsius during operation. A long‐pass filter (BLP01‐405R, Semrock, Rochester, New York, USA) prevented the recording of scattered laser (excitation) light during fluorescence excitation. Separate fibers with an intermediate distance of 0.8 mm were used as emitting and collecting fibers. A fiber splitter was used to distribute the collected light to the two spectrometers. FS measurements were performed milliseconds after the DRS acquisition, creating the aspect of a single measurement. For FS, the system was equipped with a semiconductor laser (377 nm, 0.4 mW, NDU113E, Nichia, Tokyo, Japan) to induce auto fluorescence. A schematic representation of the setup is shown in Figure [1](#lio2174-fig-0001){ref-type="fig"}. The details of the setup and the corresponding calibration procedures are extensively discussed by Nachabe et al.[18](#lio2174-bib-0018){ref-type="ref"} The measurement setup is controlled by custom made LabView software (National Instruments, Austin, Texas, USA).

![Representation of the setup. The tissue is illuminated with broadband white light and laser light through separate optical fibers. A fiber splitter connected to the collecting fiber distributes the reflected light over the spectrometers. One fiber is not used and covered at the connector.](LIO2-3-349-g001){#lio2174-fig-0001}

Optical Measurements {#lio2174-sec-0009}
--------------------

Optical measurements were performed after surgical exposure of the nerve. Routine hemostasis was pursued and optical measurements were performed by placing the probe directly on the tissue of interest. During the measurement, the surgical lights were dimmed to minimize the influence of environmental light. A combined measurement (DRS and FS) was recorded within one second.

Four tissue groups were measured including subcutaneous fat, skeletal muscle, near‐nerve adipose tissue, and nerve. Near‐nerve adipose tissue is the adipose tissue surrounding several nerve branches. The nerve branch itself is not part of the tissue type. Depending on the availability of exposed nerves, measurements were performed on the greater auricular nerve (branch of the cervical plexus composed of branches of spinal nerves C2 and C3), the spinal accessory nerve (CN XI), or the facial nerve (CN VII). The diameter of the nerve branches varied from 1 to 3 mm. All optical measurements were acquired on unique locations.

Spectral Analysis {#lio2174-sec-0010}
-----------------

A widely accepted mathematical model first described by Farrell et al. was used to translate the measured spectra into absorption and scattering coefficients.[19](#lio2174-bib-0019){ref-type="ref"} The absorption coefficients represent the concentration of physiologically relevant absorbers in the tissue, such as hemoglobin, water and fat (lipids), as well as functional parameters like oxygen saturation.[20](#lio2174-bib-0020){ref-type="ref"} The main scattering parameters are the reduced scattering coefficient (at 800 nm), the reduced scattering slope of the Mie scattering (Mie‐scattering slope), and the Mie‐to‐total scattering fraction.[21](#lio2174-bib-0021){ref-type="ref"} The Mie‐scattering slope is related to the average particle size.[22](#lio2174-bib-0022){ref-type="ref"} The implementation of this model to analyze diffuse reflectance spectra over a wavelength of 400 to 1600 nm measured with the current setup is described by Nachabé.[23](#lio2174-bib-0023){ref-type="ref"} Application of this model is described in various pre‐clinical and clinical models.[7](#lio2174-bib-0007){ref-type="ref"}, [9](#lio2174-bib-0009){ref-type="ref"}, [24](#lio2174-bib-0024){ref-type="ref"}, [25](#lio2174-bib-0025){ref-type="ref"}, [26](#lio2174-bib-0026){ref-type="ref"} Spectra highly contaminated by blood (\>25%) were excluded from analysis. For FS, autofluorescence was calculated by correcting the measured fluorescence spectra for absorption and scattering using a method described earlier.[27](#lio2174-bib-0027){ref-type="ref"}, [28](#lio2174-bib-0028){ref-type="ref"} The model was implemented according to Müller[27](#lio2174-bib-0027){ref-type="ref"} based on a modified photomigration model.[28](#lio2174-bib-0028){ref-type="ref"} The corrected spectra were fitted using the intrinsic fluorescence spectra (excitation at 377 nm) of collagen, elastin, NADH, and FAD as a priori knowledge. A Mann--Whitney U test was used to compare the measurements of surrounding tissue with on‐nerve. A *P* value \< .05 indicates a significant difference between the two groups.

Tissue Classification and Statistics {#lio2174-sec-0011}
------------------------------------

The classification algorithm and statistics were conducted in Matlab (Matworks Inc., Natrick, Massachusetts, USA). Tissue was classified according to the k‐Nearest Neighbors (knn) principle with k = 3. In this test, tissue was assigned to the class of the majority of the three nearest measurements from a training set. The training and validation sets were composed using leave‐one‐out cross‐validation, ie, subsequently taking out the spectra of one patient as the validation set and using the remaining spectra for training. Input for the algorithm were the parameters derived from the DRS and FS spectra: water, fat, blood, β‐carotene, methemoglobin and collagen concentration, fat fraction (fat/\[water+fat\]), hemoglobin oxygen saturation, mie scatter slope, scattering at 800 nm, total fluorescence signal, and FAD concentration. Parameters were normalized to a mean value of 0 with a standard deviation of 1, to give parameters an equal weight. This classification was repeated after omitting the parameters derived from fluorescence to determine the contribution of fluorescence to the classification.

The estimation of clinical comprehensive parameters from the spectra is a form of feature reduction. This approach gives insight in the composition of the tissue and helps to understand the measurement analysis, since results can be directly linked to well‐known clinical tissue characteristics. However spectral information might be lost during the feature reduction. For this reason we also used principal component analysis (PCA) with 20 components as an alternative method of feature reduction.

The result of these classifications is an estimation of the sensitivity, specificity and Matthews correlation coefficient (MCC). This coefficient is used in machine learning as a measure of quality of classifications.[29](#lio2174-bib-0029){ref-type="ref"} A MCC of + 1 represents a perfect prediction; ‐1 indicates total disagreement between prediction and observation.

RESULTS {#lio2174-sec-0012}
=======

Patient Characteristics {#lio2174-sec-0013}
-----------------------

Eleven patients were included (age 63 ± 9 years): six males and five females. None of the patients had received neoadjuvant radio/chemo therapy. Five of the surgical procedures were mandibulectomy and partial glossectomy including block dissection of cervical lymph nodes, four patients underwent a cervical lymph node dissection alone, and in two patients a parotidectomy.

Tissue Spectra {#lio2174-sec-0014}
--------------

Two hundred twelve optical measurements were performed: 42 on subcutaneous fat, 47 on muscle, 22 on near‐nerve adipose tissue, and 101 on the nerve directly. An example of measured DRS and FS spectra is visualized in Figure [2](#lio2174-fig-0002){ref-type="fig"}. In the DRS spectra, the first segment (400--650 nm) is dominated by optical absorption of hemoglobin, myoglobin, and, to a lesser extent, beta‐carotene. In this spectral region, muscle shows little intensity, indicating relatively high amounts of hemoglobin and myoglobin. Subcutaneous fat, near‐nerve adipose tissue, and nerve measurements show a clear double dip between 500 and 600 nm, indicating the presence of oxyhemoglobin. The resemblance of nerve and subcutaneous fat in the spectral range of 400 to 650 nm is in accordance with the comparable levels of hemoglobin/myoglobin and betacarotene in Figure [3](#lio2174-fig-0003){ref-type="fig"}. After 600 nm, the signal generally increases due to the so called "optical window": a wavelength region in which optical absorption in most tissue is relatively low. The near infrared part of the spectrum is dominated by optical absorption of water and fat. Water shows a characteristic local reduction in optical absorption at 1000 to 1160 nm, recognized as an intensity peak in the spectra measured on muscle and nerve indicated by a gray ellipse in Figure [2](#lio2174-fig-0002){ref-type="fig"}. A characteristicly sharp intensity dip around 1200 nm due to high lipid concentration is appreciable in the spectra measured on subcutaneous fat and near‐nerve tissue. The difference between near‐nerve and on‐nerve tissue is far more distinct in the infrared part of the spectrum, a wavelength region invisible for the human eye. Examples of these differences are the sharp dip at ∼1200 nm and the increase in intensity after 1450 nm in the near‐nerve spectrum compared to the on‐nerve spectrum. In the fluorescence spectra, the difference in area under the curve between the tissue groups is most notable. Muscle measured a remarkably low fluorescence signal. Fluorescence intensity is influenced by the presence of fluorescent molecules as well as the absorption of the excitation/emission photons; the low fluorescence signal in muscle may be explained by strong optical absorption of the excitation or emission photons due to the large amount of myoglobin. Furthermore, the typical absorption of hemoglobin between 500 to 650 nm is also noticeable in the fluorescence spectra of the other tissue types.

![DRS and FS measured spectra with the corresponding measurement locations. The schematic inlay indicates the locations marked by numbers related to the legend of the spectra. In the DRS spectrum, spectral characteristics of hemoglobin (left), water (middle) and fat (right) are depicted with a gray ellipse. The fluorescence spectra are not normalized nor corrected for absorption, to display the differences in fluorescence intensity.DRS = diffuse reflectance spectroscopy.](LIO2-3-349-g002){#lio2174-fig-0002}

![Boxplots of relevant parameters. Above the bars, the significance levels (p‐values) are mentioned for the difference between the average values for the nerve and the specific tissue group, based on a Mann‐Whitney‐U test.](LIO2-3-349-g003){#lio2174-fig-0003}

Tissue Parameter Quantification {#lio2174-sec-0015}
-------------------------------

Clinically comprehensive parameters, derived from the measured spectra are visualized in boxplots (Fig. [3](#lio2174-fig-0003){ref-type="fig"}). Parameters related to blood: hemoglobin/myoglobin concentration and the oxygen saturation are grouped in the first column. The optical absorbers fat fraction and beta‐carotene are shown in the second column. Scattering parameters are grouped in the third column, two parameters derived from the fluorescence spectra (collagen and FS area, the latter being the total fluorescence intensity over the measured wavelengths) form the last column. Adipose tissue (subcutaneous fat and near‐nerve) is characterized by high measured lipid and beta‐carotene concentrations, but are also high in oxygen saturation and low in hemoglobin. Differences in nerve and muscle (*P* \< .05) could be found in oxygen saturation and fluorescence area. When comparing nerve with adipose tissue (subcutaneous fat and near‐nerve), significant differences were found in blood content and fat fraction with nerve containing more blood compared to adipose tissue and less fat. Both near‐nerve and subcutaneous fat contain significantly more beta‐carotene compared to nerve. Although not significant, reasonable amounts of collagen were only found in muscle and nerve.

Tissue Classification {#lio2174-sec-0016}
---------------------

Automated tissue identification using knn classification revealed a MCC of 0.83; positive values (0--1) indicate a positive correlation. Classification showed a sensitivity for nerve identification of 100%, a specificity of 83%, and accuracy 91%. Parameters used in the classification were the amounts of fat and water, fat fraction, hemoglobin, oxygen saturation, Mie scattering and scattering at 800 nm, and total fluorescence intensity. These parameters were selected based on the impact on the MCC by systematically excluding specific parameters from the classification.

All parameters selected were derived from the DRS measurements, except fluorescence intensity. Because of measuring time and the technical requirements for fluorescence measurements, it could be beneficial to discard the fluorescence approach. Classification without the fluorescence parameters resulted in a lower MCC of 0.74 with a sensitivity of 88%, specificity of 86%, and an accuracy of 87%. When using PCA on the DRS spectrum only, the 3‐knn classification resulted in a MCC of 0.71 with sensitivity 88% and specificity 83%. With the total fluorescence added as extra component, the MCC climbed to 0.78 with a sensitivity of 92% and a specificity of 86%.

DISCUSSION {#lio2174-sec-0017}
==========

This human in vivo study shows the potential of DRS/FS to identify nerve branches and to differentiate them from various surrounding tissue based on tissue specific optical properties. Nerve branches could be detected with a sensitivity of 100% and specificity of 83% (accuracy 91%). For a reliable estimation of the potential of the technique, it is important to include all tissue classes in the classification analysis that may cover nerve tissue. Four tissue types were included in this study, subcutaneous fat, muscle, near‐nerve adipose tissue and nerve. In some cases, nerves are surrounded by bone. As bone could be identified based on visual appearance and consistency, bone was not included in this study. Tissue specific to a unique anatomical location, like parotid glandular tissue could be evaluated in future research.

Our results are in agreement with other studies that focus on peripheral nerve identification using DRS. Schols et al. targeted the recurrent laryngeal nerve to select spectral features of nerve tissue.[16](#lio2174-bib-0016){ref-type="ref"} In the study, 36 parameters based directly on the measured spectrum (eg, gradients) were selected. The number of measurements was limited to 10 unique locations on‐nerve and 5 unique locations on adipose tissue. They reported an accuracy of 67% to 100% depending on the sensor type and classification method.

In a human post‐mortem study by Hendriks, the cervical nerves with a circular shaped cross section and a diameter ca. 3 mm were targeted.[30](#lio2174-bib-0030){ref-type="ref"} Multiple classification methods were used to distinguish nerve from surrounding tissue. A MCC ranging from 0.62 to 0.83 was achieved using a Classification and Regression Tree (CART) and Support Vector Machine (SVM) method, respectively. The SVM results showed a sensitivity of 91%, a specificity of 91% and accuracy 91%.

In the present study, physiological fit parameters were used, which translate the measured spectrum into comprehensive clinical parameters. Examples are concentrations of water, fat, beta‐carotene and hemoglobin, oxygen saturation, and scattering. An advantage of this approach is that in the clinical setting, the value of each independent comprehensive parameter can be interpreted by the user, before or after the classification. For example, in a particular clinical context where the amount of blood shows significant variation between measurements, independently from tissue type, the blood parameter can be discarded from the classification algorithm. A potential drawback of our approach is that the information of the spectra that contain hundreds of data points per measurement is reduced to a limited number of parameters, and therefore information may be lost. Clinically comprehensive parameters were used to achieve maximum insight, although this method may not deliver optimal accuracies. Feature reduction using PCA, as an alternative for parameter fitting, was performed to estimate a possible negative effect on the classification outcome. Comparable classification results were obtained from the fit parameter analysis and the PCA analysis (MCC 0.83 vs. 0.78). These results are in line with a comparison between various methods for feature reduction as described earlier.[31](#lio2174-bib-0031){ref-type="ref"} In this study, no prior database of tissue measurements was used; classification was done after collecting the entire dataset. Duration of the classification during this study is not an indication for the intended intra‐operative use. Although a tissue classification within seconds is expected, future research should demonstrate the total duration from acquisition to classification.

We observed that with small nerves, the probing volume of the light may include some underlying tissue which could impact the ability to differentiate nerves from surrounding tissues. The nerves measured in this study included the greater auricular nerve, the spinal accessory nerve, and the facial nerve, all measuring 1 to 3 mm and often located in close relation with muscle. Inclusion of some muscle tissue in the probing volume of the nerve measurements explains the similarities in the box plots (Fig. [3](#lio2174-fig-0003){ref-type="fig"}) between nerve and muscle tissue which were more distinct in earlier post‐mortem nerve and muscle measurements.[30](#lio2174-bib-0030){ref-type="ref"} It should be noted that the measurement volume in DRS is influenced by the distance between the illuminating and the collecting fibers. When the inter‐fiber distance is increased light travels a longer path through the tissue. This leads to an increased probed volume as well as an increased penetration depth meaning that for small nerves underlying tissue may be measured as well.[31](#lio2174-bib-0031){ref-type="ref"} For small nerves, like in the present study, the probe volume should be small to prevent such influence from underlying tissues. The penetration depth and therefore the probed volume depends on the optical absorption and scattering of the tissue of interest. As both absorption and scattering vary with the wavelength of the incident light, the penetration depth theoretically depends on the wavelength. This means that optical parameters derived from wavelength regions with high tissue absorption (eg, 400--600 nm and 1200--1700 nm) hold more information about the superficial layers (\<2 mm) compared to wavelength regions with less absorption and scattering (eg, 650--1200 nm).

The addition of fluorescence spectroscopy requires an alternative light source, typically a semiconductor laser and an extra set of filters, as well as extra measurement time. Our results show, however, that omitting fluorescence may impact accuracy. Classification accuracy dropped from 91% to 87% when discarding the fluorescence parameter

For this study, we selected nerves that are commonly exposed in head and neck surgery and are at risk of iatrogenic nerve damage. The extensive and careful preparation of the nerves makes this environment preeminently suited for both validation and application of advanced intra‐operative nerve identifying techniques. Translation of the results found in open surgery to other applications such as percutaneous nerve identification for anesthetic purposes must be done with caution. Important parameters like oxygen saturation or the presence of blood are probably influenced by tissue preparation during surgery, as may be the exposure to air during the procedure. In this study, optical measurements highly contaminated with blood were excluded. Hemoglobin, and therefore blood, is a strong optical absorber especially in the lower part of the spectrum (400--650 nm). The influence of high amounts of blood could overshadow spectral characteristics of the tissue types. In future research, after identification of distinctive spectral characteristics, the classification method should be tested in various situations. Nevertheless, the influence of hemoglobin on the larger wavelength part of the spectrum (\>900 nm) is a lot less significant; spectral characteristics in this part of the spectrum are very likely to resist the influence of contamination by hemoglobin.

The optical technique in the present study was incorporated into a measurement probe, which allows variation in operator use like applied pressure and measurement angle, which may lead to extra variability in the measurements.[32](#lio2174-bib-0032){ref-type="ref"} When incorporated into a surgical tool, variations in angle and pressure could be minimized to improve the robustness of the technique.

Measurements were performed in a controlled environment with measurement locations on carefully identified tissue. Larger clinical studies are necessary to develop a robust algorithm for nerve classification. Furthermore technical development should be initiated to make the technology applicable for routine clinical use. DRS/FS as presented here can be incorporated into smart optical devices with embedded fiber optics allowing real‐time identification of tissue during surgery. Examples are presented for regional anesthesia and percutaneous tumor biopsy.[15](#lio2174-bib-0015){ref-type="ref"}, [33](#lio2174-bib-0033){ref-type="ref"} The exact nature of such a device for surgical guidance needs, however, further consideration.

CONCLUSION {#lio2174-sec-0018}
==========

In this in vivo pilot study, small peripheral nerves and surrounding tissue were identified, based on clinically comprehensive parameters derived from the measured spectra. This study clearly shows the potential of DRS/FS for tissue identification with regard to peripheral nerves.
